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Introduction

+» Genetic Network

+» Clustering and Differential equation
+» Bayesian Network

«» MCMC
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$ Differential Equation

+» Advantage

provide detailed understanding of the biological
systems

« Shortcoming

short of data
noisy data




$ Inferring Bayesian
Network From Expression
Data
® l
/ \ + Bayesian Network l

? P(xl’XZ""’xn):ﬁP(xi |PaG(Xi))

P(a,b,c,d,e)=P(e|d)P(d|b,c)P(c|a)P(b|a)P(a)
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S Problems

« The number of different network structures grows
super exponentially with the number of nodes

N of nodes 2 4 6 8 10

N of structures | 3 543 3.7 x 10° 7.8 x 1011 4.2 x 108
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Where the data set is large, the optimal structure M’ is Where the data set is smaii, tnere are many networks whicn can
well defined explain the data fairly well.
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) MCMC
«» MCMC samples networks from its posterior l
distribution 2
P(M, | D) = P(D|M,)P(M,) l

> P(D| M, )P(M,)

« Calculate the posterior probability of a
feature
2. P(M;[D)P(f|M,)
PUHID) "5, 1)
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+» Coincidence dependence
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P (M|D)

+» Escape from local optima
using traditional MCMC
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+» Small step size versus big step size

P (M|D)
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$ Problems

<+ Huge search space and coincidence
dependence — Prescreening Is important!

«» Local optima — Traversal operator Is
important!
+» Fixed step size — Varied step size Is

more reasonable
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* MCMCMC

» Metropolis-coupled Markov Chain Monte Carlo
(MCMCMC)

+ Pre-processing method

« Traversal operators

« Algorithm

» MCMCMC for missing values
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‘ MCMCMC




% For each chain, move a step based on

P(DIM')P(M')j@Q(M M),
P(DIM)P(M) ) QM M)

A(M',M):min(l,L

«» Chain swap

s (T T o T T T,
M, M, .. M ..M, M,
o (T T ’\1A'1><Tk . T,
M, M, . MY LML LM,

1

Acceptance Probability

5 :min{ [P(D|M)PM)] “[P(D|M,)PM,)]' T }
: [P(D|M)PM)] F[P(D|M)PM)F ™ |
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) Pre-processing method

P(D|M)=[P(D]6,M)P(6| M)dd

« Penalize complex model

e el e i

a = —
nnnnn |Vn |*|7Z-n | Zanvv”n — Olmn

Vi

| N (7 +n_ )

H nv,7z, nv, 7z,
NG

anﬂn + nnﬂn) Vi

I'(a,,,)

D(DIM)=HHF(
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The log likelihood is

log(p(D|M)) =Y score(n, z,,D)

where
score(n, z,, D) = )" [log(I'(«,, )) - log(T(a,, . + Ny, NI+

Z Z [Iog(r(anvn;rn + nnvn;rn )) B Iog(r(anvn;zn ))]



....i._,,

< Use some max fan in

« Find all possible parents-configurations for each node and delete low l
score parents-configurations

+ Keep C parents-configurations for each node and cardinality

Threshold is set as:

@ = A*(scoresh —scoresl)/m+ scoresl /m

B o e e
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score(n, = ,D)

v
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When data is quite sparse and noisy
score(n, = ,D)
A I
I
N A AAAS Y
J.[ 7

Using pre-screening method
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) Traversal operators

+» Importance sampling---
Sample a parents-configuration for a node

score (I,7;,,D)+C

P(nodei) = nL p(z; | nodei) =—
ZKi > score (i, z,, D)+ (n-1)C
i1 k=1,k=k _old

score(i, 7, o4, D)+C

Q(Mold | Mnew) _ 5~ coieii 7 D)+ (n—1)C
Q(Mnew|MoId)k:1,gk:_om o

Zn:score(i,yzk, D)+ (n-1C

k=1,k=k _new
= exp(score(l, 7, ., D) —score(l, 7, 44,D))
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P(D | Mnew)
P(D | Mold)
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s +» DIN sampling --- If the new network is loopy
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P(D | Mnew) * P(Mnew) *Q(Mold | Mnew)
P(D | Mold)* P(Mold)*Q(Mnew | Mold)

A(Mnew | Mold) = Min(Z,

P(D | Mnew) exp(JZ:l: score(n;,nz(n;), D) + score(n;,nz(n;), D))

P(D|Mold) exp(zn:

=

score(n;,ox(n;), D) + score(n;,0z(n;), D))

score(i, 7, ,4,D)+C

Q(Mold |[Mnew) = — & _
— 5 B
Q(Mnew| Mold) kzl,gk:_soi,ore(',ﬂk, )+(n-1)C

score (i, 7, pe,,D)+C

| simply us an approximation since it is Y score(i, z,,D)+(n-1)C
k=1,k=k _new

guite time consuming to calculate the proposal
probability



DIN proposal

Traditional
MCMC



Algorithm

< Initialization
< Each iteration

Move a step for every chain
Chain swap

« Keep the first chain
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Chains)

Importance

M1 sampling
» M1’
T=1
M2 A (Mi’, Mi)
Importance
samplin Legal |
P > MP’ : T>=1
v legal Chain
m ega
J : Swap
o MI” [
DIN
Sampling

Pa (S’, S)

A

S,

A
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) MCMCMC for missing values

X1 X2 | X3 | X4 | X5
112 [ 2 [ 11
2 |2 212
"2 111 [ [1
1|22 2172
T ;\ %\\ : 112 13 14 15 16 ..
ISR 13[15]21][2 73 4]3 9]..
2 1\ 1\ 2 [\?
2l 2\ 2} 1]\2
1 \2 \?\ 12 [ 3]\

1 3 |\5\A|6 \./ |é, 9 10 11 12
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Importance

M1, D1 i
) sampling M1
T=1
M2, D2 A (Mi’, Mi| Di)
S(m Importance _
Chains sampling Mi’ Legal
f ] T>=1
Mm, Dm Illegal
DIN > Mi —
Samplin
o . T=1 -, - .,g )
A (Di’, Di| Gi) |« DI’ |« Dmi < Dmi <
Observed
data
Chain
Swan \
Pa(S’,S) | S’
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+» Proposal method for before

burn in
N, +1
Qv, [M,n)= Z(an +1)
" N, +1
QU, IM.nm=%"(N, , +1)
"N, ]
Qi Ve M= (N, +])

S R N S Sty ey St R, Sy gy Sy Uy Sy

+H—l---~



X1 | X2 | X3| X4 | X5




Acceptance probability

Q(MissVal | MissVal )P(D | M)

Accept(MissVal, MissVal ) =min(l, _ ——
Q(MissVal | MissVal)P(D | M)

)




< After burn In

Q(Missval | Missval)= ] Ni pew +1
i< (cmis) Z(Nij +1)
j
' N; o +1
Q(MissVal | MissVal ) = i_old '
ie{l;r[nis) Z(Nij +1)
j

Acceptance probability

Q(MissVal | Missval YP(D | M)

Accept (MissVal , MissVal ') =min({, : e
Q(Missval | Missval )P(D | M)

)
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5 Result Evaluation (complete data)

<+ ROC curve

()

fn
fp
sensitivty=tp it - G{ @ @ \
+ —
tn
ne o " S

complementary specificity =1— i = fp
tn+fp th+fp

—
-

specificity =

tp is the number of true positive edges. fn is the number of false negative edges.
fp is the number of false positive edges. tn is the number of true negative edges.
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Ciher MCRMC s

+ MCMCMC against order MCMC
+ MCMCMC against structure MCMC
+ MCMCMC against Population MCMC
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- nolse=0.1, data=200
nolse=0.2, data=200
nolse=0.3, data=200
nolse=0.2, data=—S0
nolse=0.2, data=—100
nolse=0.2, data=300

1 1 1 1 1
0.3 0.4 o5 [N = D.¥
coMmplEmentary specificity

Temperatures=[1, 1, 3, 9, 30]
Keep at most 10 parents-configurations for each node and cardinality.

With 60000 iterations: 30000 burn in and keep the last 30000 samples.
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Alarm Network
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logPDE<EE)

= MOMCME

—— ofdet MCMC
Faaulation MCMS

e structura MOME

_E‘. N 1 1 1 L L 1 1 1 1
' o 201 400 BIO BOD 1000 1200 1400 1600 1800 2000
iterations

sensiwity

“&- MCMCMC

=de order MOMC
~ Populatian MOME

=i atrioture MOME

1 1 1 1 1 1
0.2 03 0.4 0.6 06 0 0.8 049
complamentary specificity
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) Result Evaluation (missing values)

<+ Model Genetic Network

RACRALC AL for missing values
A -

L — L

@ holse=0,1, data=200 |
 holse=0,2, data=200]
e nolmasl, l data=200
—=E- ol hmnﬁ dmtm=50
B nultl:gi Hﬂlﬂ-?n
= noime=0.2, data=~0

i 1 1
0.4 (W EI.EG El.T-" EI.EI 0.9 1
complamentary spooificits

+ Before burn in(30000 burn in, 30000 iterations
» After burn in 40000 iterations

* Temp [1 9 12;“*%ﬂ“ﬁa*+



PACRAC WAL T mil=aing valuas

—ee polae=0.1, data=200
o halse=0.2, ﬂﬂ.’i-:ud
- hnl-ﬁlid 3, ﬂﬂ;illﬂuﬁ
-z riolaa=r = ﬂ-nIlIllﬂ
Holsa=0. 2, ﬂn‘hll'fuﬂl

maee POlmE=0, :Ldgri-luﬁ

1. 4 .5 [N = [ (R i)
compleamentary specificits




FACRAZRAL o missing valuess
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MCMCMC for mlssmg values

B
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sensitivity

— m1~asmg rate=5%
—EF missing rate=2%
—&e missing rate=10%

1 1 1 1 1 1 1
o= 0.4 0.5 0.6 o7 0.s 0.9 1
complementary specificity

«+ The ROC curve for noise=0.2 data=200 with different missing rate

« Temp=[1,1, 3,9, 12]

< Use 30000 burn in and 30000 iterations.
Every 10 steps keep one sample. (before burn in algorithm)
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+ B cell Lymphoma data
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) Summary

NV VA YA YA A v
MCMCMC

o X /IX P isal o

Order MCMC

MW

Structure MCMC

AR A A\

Population MCMC
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< Problems with MCMCMC

L — L

T=1
logP(D|M)+
logP(M) T=50
iterations
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